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Abstract
Epidemiology is a well-studied ﬁeld in medicine and biology. The research of parameter boundaries of deterministic epidemiolog-
ical models and their causal meaning is well documented. The adaptation to modeling information diﬀusion is a recent advance
and has been shown in several studies. Previous research by the authors include modeling knowledge propagation in scientiﬁc
publication using these methods. This study explores a cultural classiﬁcation of scientiﬁc publication trends in 32 countries and
5 keywords from Soft Computing. Clusters are formed using parameters from a revised epidemiological SEIRE model (based
on the basic SEIR—Susceptible, Exposed, Infected, Removed—model) for knowledge propagation. The cultural dynamics of the
epidemiological model parameters for each country and their respective ﬁve keywords were transformed using Principal Compo-
nent Analysis. The clusters were assessed by the correlation of their centroids with the epidemiological model parameters. The
proposed method combines the epidemiological character of knowledge propagation with quantitative measures to classify trends.
© 2014 The Authors. Published by Elsevier Ltd.
Peer-review under responsibility of the Scientiﬁc Committee of IICST 2014.
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1. Introduction and Previous Research
Epidemiological models have been mathematically well-founded for over a century in medical and biological ﬁelds.
Deterministic models have been used successfully to model the dynamics of diﬀerent kinds of diseases in endemic,
epidemic, and pandemic stages, including vaccination campaigns and other inﬂuences [1–3].
Using the same methodology to understand the diﬀusion of information has been of recent emergence. Rumors,
word-of-mouth advertisement, and others are examples of research based on the same fundamental reasoning as
epidemiological spread [4–7]. Recently, Twitter—the most popular microblogging site to date with messages limited
to 140 characters and quick forwarding of messages called retweeting (https://twitter.com)—has become the focus of
the SIR models—susceptible, infected, recovered—to simulate the fast spreading of news on the social networking
site [8,9]. The fast spread is mostly based on the fast forwarding of messages (retweeting), which can be interpreted
as epidemiological behavior without an incubation time.
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Several papers investigate the adoption of technology and the inﬂuence of culture on it, including [10], where
ICT (Information and Communications Technology) adoption across countries is analyzed using qualitative cultural
dimensions.
In this paper, the spread of knowledge is analyzed using scientiﬁc publications. An extended epidemiological
model for tracking knowledge propagation is used to ﬁt the data as described in the next section. Knowledge as
considered in this paper represents a research method, methodology, process, algorithm, or the like that scientists
use in their research and development. Speciﬁcally ﬁve keywords representing methodologies from Soft Computing
were used to conduct the assessment for this paper. These ﬁve keywords are: Fuzzy Logic, Neural Network, Bayesian
Network, Evolutionary Algorithm, and Genetic Algorithm.
The underlying principal is that knowledge has the four basic stages also existent in epidemiology—susceptibility,
incubation time, infectious period, and recovered stage. The susceptible stage S, the incubation time denoted by E,
the infectious period I, and the recovered stage R result in the SEIR model incorporating all the most fundamental
dynamics.
Aside from the authors of this paper, others have reasoned that characteristics unique to the propagation of in-
formation exist. Depending on analyzing rumors, market behavior, or complex knowledge as in this research, these
characteristics can vary. Bettencourt et al. [11] argue that inﬂuential individuals can actively hinder the propagation of
ideas. Their SEIZ model includes stiﬂers to explain some variance otherwise not realized by standard epidemiological
models. Gurley and Johnson [12] extended the classic SEIR model with constants to inspect economic research ﬁelds
for their sustainability. Xiong et al. [13] proposed an SCIR model—susceptible, contacted, infected, and refractory—
to track propagation on the microblogging site Twitter. Their approach is close to that of the basic SEIR model but
with certain simpliﬁcations to ﬁt the attributes of Twitter.
Marutschke and Murao [14] have surveyed four extended models for their suitability of tracking knowledge in sci-
entiﬁc publications and found that, balancing causality and complexity, a reﬁned SEIRE model was most appropriate
for this task (see Fig. 1 and Equations (1)-(4)).
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Fig. 1: Revised SEIRE model with transition parameters.
The SEIRE model is used as a basis for this paper’s analysis.
The structure of this paper is as follows. Section 2 gives an overview of the data set, the model, and reasoning about
data acquisition. Section 3 describes the novel approach to discover epidemiological model parameter boundaries by
using Diﬀerential Evolution algorithm and its implications. The resulting dynamics of the Principal Component
Analyses and the interpretation of the biplots are given in the same section. Section 4 concludes the paper with
considerations about future work.
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Nomenclature
S susceptible researchers
E researchers adopting knowledge and writing a paper
I knowledge adopters, i.e. researchers who published a paper
R retrieved researchers
β contact rate
1/ε incubation time; pace of knowledge acquisition until publication
1/μ lifetime of knowledge
1/γ average infectious period
δ inﬂuence rate of hidden knowledge holders on susceptible individuals
ϑ rate of researchers writing another paper incorporating same knowledge
2. Dataset and Model
The authors used the SEIRE framework to model the propagation of ﬁve keywords of Soft Computing in 32
countries (Equations (1)-(4)). The data was gathered from the scientiﬁc publication database Scirus1.
dS
dt
= μN − μS − βS I
N
− δSR
N
(1)
dE
dt
= β
S I
N
+ δ
SR
N
− (ε + μ)E + ϑR (2)
dI
dt
= εE − (γ + μ)I (3)
dR
dt
= γI − μR − ϑR (4)
The parameters of the epidemiological model can be interpreted as follows: the contact rate β, average infectious
period 1/γ, incubation time 1/ε, which can be seen as the pace of knowledge acquisition until publication, and the
lifetime of the infectious material 1/μ, which in this case can be understood as the rate of researchers who stop using
a given method or do not publish further papers with the same method. These parameters are the same for the basic
epidemiological model as well as the extended one (Equations (1)-(4)). Hidden knowledge holders, who can inﬂuence
the spreading of information while not appearing in the infectious compartment I, are included in the SEIRE model
as in Fig. 1. Researchers who have published a paper move to the R compartment but still exercise inﬂuence on the
susceptible individuals (δ SRN ). They also have the ability to go back to the paper writing process, indicated by the
arrow which loops back to the E compartment with ratio ϑR (Fig. 1).
The ﬁve keywords Fuzzy Logic, Neural Network, Bayesian Network, Evolutionary Algorithm, and Genetic Algo-
rithm were selected with several key points in mind: a research ﬁeld with 1. its inception around 50-60 years ago,
2. well-established in the 21st century, and 3. unambiguity. From these points also follows the keywords having a
suﬃcient number of data points to ﬁt the model. These keywords were used in previous research by the authors and
assures comparability with already established ﬁndings.
Countries were selected by a cross-section of a Thompson Reuters statistic of top 20 countries over a ten year
period in regards to paper count, total citation count, and citation per paper, as well as a top 20 list of countries with
1 Scirus was a database (operations ended February 2014) of more than 60 million English publications worldwide (as of October 2013). Scirus
was a metasearch engine that included search results from ScienceDirect, PubMed, Springer, ArXiv.org, and others.
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the highest number of most-cited papers2 and SCImago Journal & Country Rank ranking of countries with the most
citable documents over a period from 1996-20123. A cross-section of these data sources resulted in the following
countries: Australia, Austria, Belgium, Brazil, Canada, China, Denmark, England, Finland, France, Germany, India,
Ireland, Israel, Italy, Japan, Korea, Netherlands, Norway, Poland, Russia, Scotland, Spain, Sweden, Switzerland,
Taiwan, and the USA. Cross referencing this list with scienceWATCH, ﬁve more countries were included: Hong
Kong, Greece, Singapore, Turkey, and Portugal.
3. Parameter Dynamics Clustering and Discussion
Diﬀerential Evolution algorithm was used to ﬁnd the parameters to ﬁt the SEIRE model to the data [15]. In previous
analyses the Levenberg-Marquardt method was used with already high performance of adjusted R2 between 0.88 and
0.92. With the Diﬀerential Evolution algorithm the performance could be improved to a consistently high R2 > 0.9.
The resulting parameters were used to form ﬁve data sets for each of the earlier selected keywords (Fuzzy Logic,
Neural Network, Bayesian Network, Evolutionary Algorithm, and Genetic Algorithm). Principal Component Analysis
(PCA) was performed on the standardized data sets. The ﬁrst ﬁve Principal Components (PC) were selected to have
about 80% explained variance of the original data set for each of the keywords. Four biplots (pair-wise PC plotting)
were qualitatively assessed for each keyword as a basis for the clustering.
Countries were plotted as PC-scores shown as dots and the epidemiological model parameters were plotted as
PC-loadings shown as arrows (see Figures 2a-2d). From the PCA biplots alone, publication characteristics can be
identiﬁed, such as—strong or weak—incubation time, initial infectious rate, number of hidden knowledge holders,
etc. These are represented by data observations (dots in the PCA space) and variable properties (denoted as vectors in
the PCA space).
A total of 20 plots were constructed (ﬁve keywords with four biplots each). As all plots would exceed the space of
this paper, the plots for Bayesian Network were selected as examples (Fig. 2).
Ten clusters were initially formed, the same as the number of epidemiological model parameters. The ﬁnal number
of clusters was set to ﬁve as the correlation of parameter vectors in PC space was similar, thus providing no signif-
icant additional information. As clustering algorithm, Wolfram Mathematica’s algorithm to ﬁnd clustering by local
optimization was used.
The clusters, according to the correlation with the parameter vectors, can be described as follows:
• Researchers with past publications who still practice inﬂuence on the propagation of particular knowledge
(hidden knowledge holders δ) and re-publishing rate ϑ
• Paper publishing pace (inverse incubation time μ).
• Researchers exchanging ideas (contact rate β) and initial hidden knowledge holders R0 and δ.
• Re-publishing rate ϑ and inverse infectious period ε.
• Initial number of researchers adopting knowledge I0.
These ﬁve classiﬁcations can be asserted from the ﬁve-dimensional PC space.
As the deterministic epidemiological models are used to model population dynamics, clustering countries based
on the parameters provides an insight into cultural diﬀerences in their dynamics. Considering timeframes of several
decades, the given approach looks at larger schemes of idea adoption and diﬀusion in scientiﬁc communities. Some
noise and systematic error are expected to be present in the dataset. It is also expected, however, that these selected
keywords are less susceptible, as they are well-established ﬁelds with a high number of data points and in addition
relatively new ﬁelds (e.g. compared to statistical methods). A known issue is authors whose aﬃliation by research
does not coincide with their cultural aﬃliation (overseas research project, limited research stay abroad, etc.). There
2 Based on scienceWATCH web-archives (http://archive.sciencewatch.com/dr/cou/2009/09decALL/ and http://archive.
sciencewatch.com/dr/cou/2010/10janALLPAPRS/)
3 Scimago Journal & Country Rank is powered by Scopus, which is presented as “the largest abstract and citation database of peer-reviewed
literature” on Elsevier’s homepage (http://www.scimagojr.com/countryrank.php).
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(a) PC1 and PC2.
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Fig. 2: Biplots of pair-wise Principal Components for Bayesian Network and their central magniﬁcation.
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are several methods of assigning a publication to a country, including by ﬁrst author (as in this paper), assigning the
publication multiple times to all the author’s aﬃliated countries, etc. [16,17].
The causality of the parameters (i.e. their meaning) are to a degree open to interpretation. Validation with known
phenomena is planned for future research.
4. Conclusions
The tracking of knowledge in communities is an intriguing ﬁeld, more so with underlying cultural dynamics. To
model the progress in large populations, deterministic epidemiological models have been successfully used to track
keywords in scientiﬁc publications.
This paper addresses the diﬀerences in cultural dynamics of knowledge propagation and provides an approach to
quantitatively classifying them. Clustering the PCA transformed data, cultural tendencies can be identiﬁed by means
of correlating the PC loading with the cluster centroids.
As the original model is based in the medical and biological ﬁeld, it is to be expected that some dynamics remain
unexplained, speciﬁcally ones stemming from human interaction. Therefore the meaning of some of the epidemio-
logical model parameters are open to interpretation.
For future work, validating parameter dynamics with known phenomena is planned. The causality investigation is
intended to construct a knowledge-cultural dynamics map to infer deeper understanding of diﬀusion mechanisms in
scientiﬁc communities.
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